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Abstract. There are many outbreak detection that available with various techniques being introduced 
ranging from statistic to data mining including machine learning. With the direction of spatial-temporal data 
the research under public health surveillance especially outbreak detection or anomalies detection are 
promising research. In this paper we applied data mining techniques in detecting outbreak in public health 
surveillance. The phase involves learning, detecting and repository. An extracted sequential pattern method, 
outlier set was identified using outlier detection algorithm methods. 
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1.0 Introduction  
The main objective of a health surveillance system is to reduce the impact of an outbreak by 

enabling officials to detect it quickly and implement timely, appropriate interventions. Identifying an 
outbreak days to weeks earlier than traditional surveillance will result in a reduction in morbidity, mortality, 
and its economic consequences. This is likely obtainable by improvements in data collection and associate 
analysis. Ideas express by Stoto in ‘Syndromic surveillance: Is it Worth the Effort?’ as to be useful for early 
detection of natural disease outbreaks [80]. With a spectrum of technologies from statistics, computer 
science and data mining that can help, there are numbers of analysis methods and informal reasoning for the 
early detection such that being uses in the Biosurveillance system. [56] 

The field of surveillance, generally on biomedical informatics has drawn increasing popularity and 
attention, and has been growing rapidly over the past two decades. In particular, knowledge management, 
data mining, and text mining techniques have been adopted in various successful biomedical applications in 
recent years [60]. Paradigms for data mining or machine learning and data analysis including: probabilistic 
and statistical models, symbolic learning and rule induction, neural networks, evolution-based algorithms, 
and analytic learning and fuzzy logic to be merging into health informatics focusing on health surveillance. 

This paper, which is divided into three main sections, presents sequence outlier detection based on data 
mining theory and surveillance perspective applied into public health domain. The first section discusses the 
basic concept and theory of data mining sequential pattern and outlier detection. The second section presents 
the framework of clustering-based outlier detection according to the outlier set produced by sequence pattern 
generated. The third section discusses the potential of propose techniques for outbreak detection.  
 
2. Data mining 

Data mining or well known as Knowledge Discovery in Database [28], [62], [17] has been evolve and 
intensive research focusing in various application domains. The finding in data mining research has motivate 
creation of new techniques to analyze, understand and visualize large amount of data that gathered from 
scientific, business and surveillance (e.g. network , medical records, etc.). Data mining involve the 
semiautomatic discovery of interesting knowledge, such as patterns, associations, changes, anomalies and 
significance structures from various kinds of database into information repositories [54]. 
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2.1 Sequential Mining 

Based on general classes proposed by [29] and [63], the views of sequential mining either apriori-like and 
pattern growth, this include the mining close sequential patterns. The main goal of mining sequential pattern 
is to detect patterns in database comprised of sequence of sets. Normally sequential pattern mining required 
support model from the complete set of frequent subsequence in the set of sequences. Other model is 
multiple alignment models, uses clustering as a preprocessing step to group similar sequences, and mines the 
underlying consensus pattern in each cluster directly through multiple alignments [45]. Generalized Pattern 
Mining (GSP) is the extension of apriori algorithm. GSP uses the horizontal data format [1], [2] and later 
come Sequential Pattern Discovery using equivalent classes (SPADE) uses vertical data format [88]. 
Comprehensive comparison studies of pattern growth-based by [29] shows that Prefixspan outperforms the 
GSP algorithm, Freespan and SPADE with integrated pseudo-projection in term of speeds. While Clopan 
seen as improvement efficiency over Prefixspan. The study was further explored by [63] by impose the multi 
constraint-based instead of mono constraint in the Prefixspan.   
 
2.2 Outlier 

Outlier detection focusing on finding some interesting patterns that out of norm. According to [16], 
anomalous patterns also referred as outlier, anomalies, discordant observations, exceptions, faults, defects 
aberrations, noise, errors, damage, surprise, novelty, peculiarities or contaminants in various applications 
domain. In such for public health, outlier detection being widely used to detect anomalous patterns in patient 
records which could be symptoms or disease. 

Outlier detection had being used in broad domain and various approaches (outlier detection, novelty 
detection, anomaly detection, noise detection, variation detection or exception mining) [32].The exact 
definition of an outlier depends on hidden assumptions regarding the data structure and the applied detection 
method [6]. As quoted in [32], [6] definition derived from Bennett & Lewis (1994) that an outlying 
observation, or outlier, is one that appears to deviate markedly from other members of the sample in which it 
occurs. Indicated in study outlier normally being considered as noise, and recently under data mining 
approach outlier are consider as important task to drill out important information. One of the steps towards 
obtaining a coherent analysis is detection of outlying observations [6].  

Table 1 below listed the outlier mining being applied into various domains. The main interests are to look 
at the outlier being implemented in the medical and public health data.  Found that limited number of 
research being explore in using outlier mining into surveillance. [21], [22] and [77] actively research 
conducted on outlier or namely as anomaly detection being applied into surveillance. 

Table 1: Outlier Application 
TECHNIQUES DOMAIN REFERENCES 

A B C D E F G H Intrusion detection [25], [24], [73],[26], [36], [48] 
√  √ √ √ √   Fraud detection [4], [8], [7] 
   √  √ √  Industrial detection [39], [50], [87]  
 √  √  √   Image processing [79], [64] 
    √  √ √ Medical & health  [35], [46], [78], [69], [14], [40], [85], [77], [21] and [22]

Note : AStatistical profiling using histogram ,B-Parametric @ non parametric statistical modeling C-Markov models D-Neural Networks 
E-Support vector machine F-Rule-based systems G-Clustering, H-Nearest Neighbor approach 
 

2.3 Public Health Surveillance 
Epidemiologists refer to surveillance as the systematic collection, analysis, and interpretation of health 

data about a clinical syndrome that has a significant impact on public health. By definition surveillance can 
be define in general ways as continuous reporting system, collection, analysis and dissemination of 
information to authorities for further actions. Vary definitions define by [15], [10], [68], [67], [51] mostly 
highlighted definition of surveillance shall consists of reporting, analysis and dissemination for decision 
making. Reported in systematic review [9] reported 115 surveillance system including 9 syndromic, 13 
collecting ILI, 23 laboratory. Some of the systems are expanded to include both early detection and 
situational awareness.  

Routine surveillance depends on passive methods. Outbreaks need for active surveillance. Early detection 
can have a major impact in reducing the numbers of cases and deaths during the outbreaks. The amount of 
needed data for each outbreak varies with disease and the number of cases. In explosive outbreak with large 
numbers of cases there will be no time to collect detail information - more priority is to collect numbers of 
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cases. For outbreaks that are smaller in size to evolve slowly - require case investigation to obtain 
information [18]. 

The analysis of the outbreak detection algorithm methods can be divided according to disease parameter 
based on time, space, time-space and space-time-person [83] and according to weighted analysis such as time 
weight analysis, temporal-spatial, spatial clustering and data mining as in table 2. Regardless the analysis 
based on disease or weighted analysis; the analytic methods are often data source dependent [49]. 

The emerging disciplines of surveillance enable the real-time monitoring of pre-diagnosis information for 
the first signs of any disease outbreaks attack, with the data mining analysis techniques there are numbers of 
analysis methods and informal reasoning for early detection of disease outbreaks. 

Table 2: detection methods 

 
3. Framework 
Our proposed recommendation mechanism is composed of three phases, as shown in figure 1. Namely the 
phase involves Phase I as learning phase, Phase II detecting phase and Phase III as repository. The first phase 
is involves extracting association rules from the potential hospital Emergency Department (ED) data source. 
In this case we propose data generator to generate data and impose outbreak into the candidate data for the 
outlier detection. Through the pattern mining on the ED data we are expecting to find hidden informative 
relationships between the attribute compose in the ED patient data. At this point we consider the patient 
records as potential transaction data based on the daily records.  Detecting outlier, based on outlier detection 
module will determine whether normal or abnormal (in this case abnormal considered as outbreak) against 
normal sequence patterns that learnt. The confident evaluator will evaluate the sequence generated and 
outlier detection including similarity function and interestingness. Generally it consist of three main steps, 
The first will learn the synthetic data based on data generator, generated sequence pattern then the final step 
is to detect abnormal behavior to determine the outbreak. 

 
 

 
 
 
 
 
 
 
 
 
 
4. Conclusion 
In this paper, we propose the techniques for outbreak detection based on sequential mining and outlier 
detection. The framework developed to shown the concept of data mining being introduced in new spectrum 
in surveillance by incorporating both data mining tasks association and outlier into the outbreak detection for 
public health. There is no result in this paper; we leave it for future works.  
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Figure 1 : Outbreak sequential Outlier Detection (OSO) Framework 
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